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Key Points:

e ConvNeXt deep learning model achieves 99.4% accuracy in automated auroral image classification.
e Auroral occurrence rates decrease with latitude and vary systematically with solar wind activity phases.
e Statistical analysis reveals strong correlation between K-index geomagnetic activity and auroral occurrence patterns.
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Abstract: In this investigation, we meticulously annotated a corpus of 21,174 auroral images captured by the THEMIS All-Sky Imager
across diverse temporal instances. These images were categorized using an array of descriptors such as 'arc', 'ab' (aurora but bright),
'cloudy’, 'diffuse’, 'discrete’, and 'clear'. Subsequently, we utilized a state-of-the-art convolutional neural network, ConvNeXt
(Convolutional Neural Network Next), deploying deep learning techniques to train the model on a dataset classified into six distinct
categories. Remarkably, on the test set our methodology attained an accuracy of 99.4%, a performance metric closely mirroring human
visual observation, thereby underscoring the classifier's competence in paralleling human perceptual accuracy. Building upon this
foundation, we embarked on the identification of large-scale auroral optical data, meticulously quantifying the monthly occurrence and
Magnetic Local Time (MLT) variations of auroras from stations at different latitudes: RANK (high-latitude), FSMI (mid-latitude), and ATHA
(low-latitude), under different solar wind conditions. This study paves the way for future explorations into the temporal variations of

auroral phenomena in diverse geomagnetic contexts.
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1. Introduction

Auroras, often described as natural luminous displays, manifest
when solar wind—streams of charged particles emanating from
the Sun—interacts intricately with Earth’s magnetosphere and
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atmospheric layers. Periodically, the Sun discharges copious
amounts of charged particles and magnetic flux, disrupting the
Earth’s magnetic field and atmospheric equilibrium. Such solar
disturbances, upon reaching Earth, can induce pronounced alter-
ations in both the planet’s magnetic field and its atmospheric
conditions, with these effects being particularly pronounced in
polar regions. Auroras serve as a visual indicator of these geomag-
netic variations at high latitudes, a phenomenon well-documented
in the literature (Akasofu, 1981; Baker et al., 1996). Hence, accurate
identification and classification of various auroral forms is crucial
for enhancing our understanding of the dynamics within the
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Earth’s magnetosphere.

In addition to contributions from specialized scientific entities
engaged in auroral photography, a burgeoning corpus of auroral
imagery is amassed annually by citizen scientists. Collectively,
these enthusiasts, equipped with advanced photographic tools,
generate millions of auroral images each year. Given this volumi-
nous database, manual identification through unaided visual
analysis is not only impractical but would also be inefficient. The
inherently variable and complex nature of auroral structures
further exacerbates this challenge, underscoring the necessity for
automated identification systems. Such tools are indispensable
for enabling researchers to methodically, objectively, and consis-
tently analyze pertinent images.

The integration of these automated systems paves the way for
more sophisticated statistical analyses. For instance, discerning
probabilistic distributions across various auroral classifications is
instrumental in investigating the temporal dynamics of auroras
under distinct geomagnetic scenarios. Moreover, automated clas-
sifications enable in-depth statistical examinations of the iono-
sphere—magnetosphere environment. By analyzing the frequency
and development of specific auroral types, such as patchy auroras,
alongside the statistical investigation of phenomena like pitch
angle scattering resulting from wave—particle interactions within
the ionosphere—magnetosphere system, a more comprehensive
understanding of these complex geophysical processes can be
achieved.

To date, scientists have leveraged statistical machine learning and
deep learning techniques to automate the classification of auroral
phenomena. Early endeavors in this field utilized methods such as
the K-NN (K-Nearest Neighbour) algorithm (Syrjasuo and Dono-
van, 2002, 2004), the Hidden Markov Model (Yang QJ et al., 2012),
and the Support Vector Machine (SVM) (Rao J et al., 2014). Initially,
these methods faced major limitations—a restricted range of
identifiable auroral categories, and suboptimal accuracy rates. To
enhance precision, subsequent studies employed a combination
of multiple algorithms, particularly for classifying daytime auroras
(FuRetal, 2009; Wang Q et al., 2010; Zhong YF et al., 2018).

As the field evolved, deep learning methods increasingly came to
the forefront in auroral classification. Clausen and Nickisch (2018)
utilized the Ridge classifier to categorize auroras into six distinct
types: arc, clear/no aurora, diffuse, discrete, moon, and cloudy,
achieving an accuracy of 81.7 + 0.1%. Notably, the model’s perfor-
mance in distinguishing aurora from non-aurora images reached
an impressive 95.6 + 0.03% accuracy. Kvammen (2020) expanded
the auroral taxonomy to seven labels, including broken, colored,
arc, discrete, patchy, rimmed, and faint, and demonstrated that
the ResNet-50 algorithm outperformed traditional machine learn-
ing methods with a 92% accuracy rate. In a more recent study,
Guo ZX et al. (2022) introduced eight auroral labels and compared
the performance of the DenseNet and EfficientNet algorithms.
Shang ZY et al. (2023) further advanced the field by implementing
the ConvNeXt and Transformer algorithms in auroral classifica-
tion, achieving a remarkable 98% accuracy. Thus, it is evident that
the current tools and methodologies for auroral recognition are
highly sophisticated and effective.

Despite significant progress with deep learning methods in auroral
image classification, several limitations remain. First, traditional
machine learning methods, such as K-NN and SVM, suffer from
high computational complexity and suboptimal generalization
when applied to large-scale, high-dimensional auroral image
datasets. Specifically, in auroral image classification tasks, class
imbalance often reduces classification accuracy, and traditional
methods often lack the flexibility of modern deep learning
approaches to handle severe class imbalance adaptively. Further-
more, although deep learning models like ResNet-50 are effective
for image data, their deep architectures, designed primarily for
static image classification, may struggle to capture temporal
correlations in dynamically changing auroral sequences, poten-
tially overlooking subtle morphological variations over time.

To address these limitations, this study employs the ConvNeXt
algorithm (Liu Z et al., 2022), a modernized convolutional network
optimized for enhanced hierarchical feature extraction. Compared
to traditional convolutional models, ConvNeXt benefits from
larger kernel sizes and adaptive feature fusion mechanisms,
enabling superior representation of multi-scale auroral structures.
The larger kernels help capture broader spatial features, while
adaptive fusion mechanisms combine information from different
scales effectively. Combined with advanced data augmentation
strategies, ConvNeXt's enhanced feature representation capability
enables it to better generalize on imbalanced auroral datasets.
Furthermore, ConvNeXt's robustness in processing high-resolution
All-Sky Imager (ASI) images is enhanced by its hierarchical design,
which progressively reduces spatial resolution at certain layers
while expanding feature dimensions at others, enabling efficient
processing without losing critical image details.

By adopting ConvNeXt, this study builds on previous research
while introducing innovations in classification accuracy, computa-
tional efficiency, and data handling. These advancements provide
a more reliable and efficient approach to automated auroral clas-
sification, thereby contributing to a deeper understanding of the
dynamic nature of auroras and of magnetosphere—ionosphere
interactions.

2. Methodology

Utilizing auroral imagery from THEMIS All Sky Imagers, this study
meticulously selected auroral images from three stations: RANK,
FSMI, and ATHA, representing datasets from different latitudes.
The images encompass the Februarys of the years 2011, 2014,
2016, and 2019. Auroral data from February were chosen for two
main reasons. First, winter is the season with the most abundant
observations of auroras of even the rarest sorts; second, selecting
February helps to make the study more quantitative, as it avoids
excessive fluctuations in auroral occurrence frequencies due to
monthly variations, which could affect our analysis of auroral vari-
ations under different solar wind conditions. All ground stations in
the THEMIS network are equipped to capture auroral phenomena
within the wavelength range of 400—-700 nm, with the remarkable
capability of recording auroral characteristics at intervals of about
3 seconds. Consequently, these four years of February data
allowed us to choose a total of 4,669,163 auroral images for analysis
at this maximum resolution. From this extensive dataset, 21,174
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images were manually labeled and randomly divided into training
and test sets in an 8:2 ratio.

The labeling criteria, as delineated in Clausen and Nickisch (2018)
and Nanjo et al. (2022), encompassed categories such as ab
(aurora but bright), arc, clear, cloudy, diffuse, and discrete. Figure
1 illustrates these categories. The 'arc' category is characterized by
stripes extending east—west, typically observed before the aurora
assumes a more arc-like appearance (Karlsson et al., 2020).
'Discrete’ auroras are relatively brighter, attributed to their higher
energy emission. 'Diffuse’ auroras, in contrast, are fainter and chal-
lenging to discern with the naked eye during daylight, predomi-
nantly observed post-midnight. The categories of arc, diffuse, and
discrete are classified as high-quality clear auroras, unaffected by
solar or cloud interference. 'Clear' is defined as the absence of
observable auroras. These four categories are collectively consid-
ered observable auroras for subsequent calculations of auroral
occurrence rates.

'Ab' is designated for auroras that are partially visible or partially
obscured by solar or lunar interference. 'Cloudy' pertains to auroras
hindered by cloud cover. These two classifications are categorized
as noisy auroras. The methodology for calculating the auroral
occurrence rate is delineated as follows:

(W(arc) + W(diffuse) + W(discrete)) /W(Observableclasses)'

Humans naturally improve our ability to recognize phenomena by
constantly noting, at each new instance, more and more charac-
teristics of a particular phenomenon. Deep learning proposes to
simulate this feature of the human nervous system’s ability to
perceive, categorize, and recall phenomena. Similarly, machine
learning recognizes objects through pre-determined features
extracted from raw data (Guyon and Elisseeff, 2003). In contrast,
deep learning trains on large datasets and automatically extracts
key features without defining those features in advance (Lecun et
al., 2015).

To classify auroral images, we use a Deep Neural Network (DNN)

Diffuse Discrete
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with a convolutional layer. This layer has many filters that apply
convolutions to the input layer and extract image features. The
deeper the network goes, the larger the receptive field on the
output feature map becomes. This means the features go from
specific to general. In the end, a fully connected layer gives us the
probabilities for each category.

Based on this, we have chosen the newly developed ConvNeXt
algorithm and applied it to our work on Aurora classification.
ConvNeXt is a family of Convolutional Neural Networks
(ConvNets) designed for image classification and other visual
recognition tasks. The ConvNeXt model achieves high efficiency
and scalability because it was designed to accommodate hardware
and software limitations; it uses techniques such as grouped
convolution, deep separable convolution, attention mechanisms,
and multi-scale feature fusion to reduce computational and
memory costs while maintaining or improving accuracy. The
detailed structure of the model can be found in Supplementary
Material. The model can be scaled up or down by adjusting the
number and size of grouped convolutional layers, depending on
the dataset and the task. It is also capable of scaling hardware
platforms such as CPUs, GPUs, TPUs, and mobile devices using
different implementation strategies and optimization techniques.

3. Results

In this study, a staggering total of 4,669,163 images were
captured from three distinct stations—RANK (lat: 62.82, lon:
267.89; maglat: 72.20, maglon: 336.19), FSMI (lat: 60.03, lon:
248.07; maglat: 67.29, maglon: 307.05), and ATHA (lat: 54.71, lon:
246.69; maglat: 61.88, maglon: 307.21)—during February of the
years 2011, 2014, 2016, and 2019. From this extensive collection, a
subset of 21,174 images was meticulously selected and labeled,
manually, to facilitate the training and evaluation of the ConvNeXt
model. The allocation of images into training and test sets
adhered to an 8:2 ratio, with the distribution of random seeds
detailed in Table 1. To enhance the model’s generalization capa-
bilities, the selection process deliberately included a requirement
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Figure 1. Example images of 6 classes of aurora from an all-sky camera.
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Table 1. Several images per class were used for training and testing
the model.

Label AB Arc Clear  Cloudy Diffuse  Discrete
Training 2107 1357 1454 2246 5795 3981
Test 527 339 363 561 1449 995

that the time intervals between chosen images would be diverse.

The efficacy of the trained ConvNeXt model was visually repre-
sented through a confusion matrix, as depicted in Figure 2. This
matrix illustrates the classification accuracy, for each identified
category, against the test data. Notably, the model achieved a
remarkable 100% accuracy in identifying the 'ab' category from
the total of 527 'ab' images within the test dataset. The matrix’s
panels, where the true and predicted labels coincide (indicating
correct classifications), are predominantly red, signifying a high
level of classification accuracy. Overall, the model attained an
impressive average accuracy rate of 99.4%.

Figure 3 showcases a pre-softmax two-dimensional visualization

1.0
AB 0.0000 0.0000 0.0000 0.0000 0.0000
0.8
Arc 0.0000 0.0059 0.0000
% Clear {0.0321 0.0000 0.0000 0.6
o)
©
E
= Cloudy {0.0000 0.0000 0.0000 L 0.4
Diffuse {0.0000 0.0000 0.0007 0.0014
0.2
Discrete 10.0000 0.0030 0.0000 0.0000 0.0050 JoEsiPA}
0.0

Clear Cloudy Diffuse Discrete
Predicted labels

AB Arc

Figure 2. Classification results of the test dataset by the trained
ConvNeXt model. The diagonal elements represent the percentage of
correctly classified images for each class, while the off-diagonal
elements indicate the percentage of images from a given class that
were misclassified as other classes.

Figure 3. This figure shows the presoftmax representation of the
auroral test data generated by the ConvNeXt network, projected to
two dimensions using T-SNE. Images of some of the categories are
also shown in the figure.

of the aurora dataset’s test data as processed by the ConvNeXt
model. This visualization was achieved by employing the
t-distributed stochastic neighbor embedding (T-SNE) technique
for dimensionality reduction, a method originally proposed by
van der Maaten and Hinton (van der Maaten and Hinton, 2008).
Within this figure, various actual images corresponding to the two-
dimensional points are also included for reference. This two-
dimensional mapping plays a pivotal role in the network’s
decision-making process as it classifies each image. Observations
from this figure reveal a notable distinction in the spatial separation
among certain classes. On the other hand, a few classes exhibit a
degree of overlap, aligning with the observations made in
Figure 2.

Meanwhile, Figure 4 presents the two-dimensional visualization of
the aurora dataset test data after dimensionality reduction using
UMAP (Uniform Manifold Approximation and Projection). UMAP is
a non-linear dimensionality reduction technique designed to
preserve the local neighborhood structure of the data. Compared
to T-SNE, UMAP offers higher computational efficiency and better
preservation of global structures. We can observe that most
classes exhibit clear spatial separation, particularly the "Diffuse”,
"Discrete”, and "Cloudy" classes, where data points are more
concentrated in specific regions, suggesting a higher discrimina-
tive power in the feature space.

To thoroughly investigate the variability and evolutionary
patterns of auroras under diverse solar wind conditions, our study
focused strategically on data gathered from three distinct
stations, RANK, FSMI, and ATHA, which are representative of high,
mid, and low-latitude regions, respectively. The data selected for
analysis encompassed four specific periods: February 2011, 2014,
2016, and 2019. These periods were chosen deliberately as they
align with the rising, peak, declining, and minimum phases of
solar wind activity. The categorization of these four distinct
phases was based on sunspot numbers. For an in-depth under-
standing of the fluctuation in sunspot numbers and the
geographical distribution of the auroral stations, readers are
referred to Supplementary Material, particularly Figures S1 and S2.

Figure 5 summarizes results of using the ConvNeXt model to clas-
sify and analyze auroral occurrences. Our analysis reveales distinct
temporal and latitudinal variations in auroral occurrences:

(1) February 2011 (Rising Solar Wind Activity): High-latitude
regions exhibited the highest auroral occurrence at 05 UT, which
roughly corresponds to 22 MLT. while mid-latitudes peaked at 09
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. Cloudy . s -~
Diffuse .
10 { - Discrete .. ) .
‘. T e
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Figure 4. Two-dimensional visualization of the aurora dataset test
data using UMAP dimensionality reduction.
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Figure 5. These histograms illustrate the distribution of observable aurora categories across four different time periods. The data are organized
chronologically, representing the months of February in 2011, 2014, 2016, and 2019. Along the horizontal axis, from left to right, the histograms
present data from stations located at different latitudes: the high-latitude RANK station, the mid-latitude FSMI station, and the low-latitude ATHA

station.

UT (~00 MLT). Low-latitudes experienced minimal auroral activity.
The frequency of discrete auroras (including arcs and discrete
types) reached a zenith at 04 UT (~21 MLT) and gradually tapered
off thereafter. Diffuse auroras showed a broad distribution across
multiple MLTs, peaking at 08 UT (~01 MLT).

(2) February 2014 (Maximum Solar Wind Activity): This period
marked a heightened observation of discrete auroras around
04—-06 UT (~21-23 MLT) in high-latitudes and mid-latitudes; auro-
ras continued to appear until 10 UT in mid-latitudes. Diffuse auroras
were greatest after 21 UT, especially at 09—-10 UT (~00—01 MLT),
reaching a maximum at high and mid-latitudes. These observations
align with prior studies (Syrjasuo and Donovan, 2004; Jones et al.,
2011; Partamies et al., 2017; Bland et al., 2019; Nishimura et al.,
2020). The diffuse auroras, thought to originate from magneto-
spheric waves, showed a temporal correlation with their theoretical
source (Li W et al., 2009; Nishimura et al., 2010; Jaynes et al., 2013;
Kasahara et al., 2018; Fukizawa et al., 2018, 2020; Hosokawa et al.,
2020). As can be seen from the results above, there is good agree-
ment between observations at high and mid-latitudes.

(3) February 2016 (Early Declining Phase of Solar Cycle): We
observed an increased auroral occurrence, especially at mid-lati-
tudes. High and mid-latitude stations recorded predominantly arc
and discrete auroras, indicating active geomagnetic conditions,
confirmed by the K-index in Figure 6b.

(4) February 2019 (Minimum Solar Wind Activity): The auroral
occurrence at all stations, except high-latitudes, was notably

lower compared to other periods, underscoring the influence of
latitude on auroral activity. Trends in auroral subclasses over time
reflect the stability and consistency of the statistical results.

Utilizing the classifications determined by the ConvNeXt model,
we computed the aurora occurrence rates at different latitudes, as
depicted in Figure 6a. This analysis reveales a consistent pattern:
high-latitude stations exhibited higher aurora occurrence rates
compared to mid-latitude stations, which in turn displayed higher
rates than low-latitude stations. The geographic constraints of low-
latitude regions result in less pronounced fluctuations in aurora
occurrence, even during periods of heightened solar wind activity
and during the early declining phase of solar cycles.

In Figure 6b, we present the temporal variation of the mean K-
index, a measure of geomagnetic activity. This graph demonstrates
a notable correlation between the fluctuations in aurora occur-
rence rates and the K-index, suggesting a strong link between
geomagnetic disturbances and auroral activities across different
latitudes.

In this research, we have successfully quantified the monthly and
Universal Time (UT) variations in auroral occurrence rates at the
RANK, FSMI, and ATHA stations. While this statistical analysis
provides a broad overview, it does not enable precise identification
of auroral types at specific times. To address this limitation, we
have developed an innovative user graphical interface. This inter-
face facilitates real-time identification of auroral activities, allowing
users to pinpoint the type of aurora present at any given moment.
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Figure 6. (a) Monthly auroral occurrence rate for the three stations over four periods, with auroral incidence defined as the number of auroral
images divided by the total number of images in the dataset. Yellow panels indicate high auroral occurrence rates; blue panels indicate low

auroral occurrence rates. (b) Mean K-index versus time.

Figure 7 showcases this interface, and for those interested in
exploring or utilizing this tool, the relevant source code is available
at GitHub-auroragui.py.

4. Discussion

In our investigation, we employed the ConvNeXt algorithm, a
cutting-edge deep-learning technique available in various
versions. Due to computational constraints, we opted for the
ConvNeXt-tiny variant, which has fewer parameters. Despite this,
we achieved a high accuracy of 99.4%, underscoring the suitability
of Deep Neural Networks (DNNs) for aurora classification. It is
plausible that selecting a more extensive version of ConvNeXt
with more parameters might have further enhanced our results.
Additionally, we implemented transfer learning, which offered the
dual benefits of reducing model training time and obviating the
need for a larger dataset.

Our analysis was confined to temporal data from just three

M) Aurora Recogniti... = O X

Browse Image

Predict

class: Discrete prob: 0.99

Figure 7. Aurora recognition user graphical interface. After
importing an aurora image, click on the prediction to obtain the class
of the aurora and the corresponding probability value.

stations; performance evaluations on data from additional
stations remain incomplete. A limitation of the THEMIS instrument
is its focus on capturing auroral images in the visible range of
400-700 nm, excluding other spectral ranges and colors of auroral
images. Moreover, to minimize the impact of blurred images on
model performance, our training and testing datasets consisted of
unequivocal auroral images. As McKay and Kvammen (2020) have
noted, human categorization of ambiguous images can be biased
and subjective. Thus, expecting DNNs to accurately classify such
images when even experts might disagree on their categorization,
is unrealistic.

In our auroral occurrence statistics, we considered only data from
February of each chosen year. Future work will expand the scope
to include more stations and additional auroral categories such as
colored auroras (Stgrmer, 1929; Shiokawa et al., 2019) and stable
auroral red (SAR) arcs (Rees and Roble, 1975; Mendillo et al.,, 2016).
This broader approach will enable us to analyze annual, monthly,
and UT variability in auroral occurrences across different latitudes.
We aim to align the electromagnetic and plasma environments in
our simulations more closely with real-time values, enhancing our
understanding of the interplay between auroral pattern produc-
tion mechanisms and magnetotail processes. This effort will also
help refine our user graphical interface.

5. Conclusion

This paper elucidates a successful classification of auroras using
the ConvNeXt algorithm across six categories: ab, arc, clear,
cloudy, diffuse, and discrete. Achieving an impressive accuracy
rate of 99.4%, the study further delves into statistical analysis of
auroral variability with about Universal Time (UT) at high, mid, and
low-latitude stations, as well as monthly auroral occurrences. The
key findings of our research are summarized as follows:

(1) Latitudinal Variation: Independently of the solar wind activity
state, auroral occurrences consistently display a higher frequency
at high latitudes compared to mid-latitudes, and at mid-latitudes
compared to low latitudes, with a notably low overall rate at low
latitudes. High-latitude regions are directly connected to the polar

Shang ZY, Yao ZH and Liu J et al.: Auroral classification and variability using deep learning



cap and auroral oval, where field-aligned currents (FACs) are most
intense. These currents, known as Region 1 (R1) and Region 2 (R2)
currents, are driven by the interaction between the solar wind and
the magnetosphere. During periods of enhanced solar wind activ-
ity, the R1 and R2 currents intensify, leading to increased particle
precipitation and auroral emissions in high-latitude regions. In
contrast, mid- and low-latitude regions are less directly influenced
by these currents, resulting in lower auroral occurrence rates.

(2) Solar Wind Activity Impact: The enhanced auroral activity
observed at mid-latitudes during the declining phase of the solar
cycle, such as in February 2016, can be attributed to alterations in
global magnetospheric convection patterns. During this phase,
solar wind dynamic pressure and interplanetary magnetic field
(IMF) conditions often induce a more stretched and unstable
magnetotail configuration. These changes contribute to the
occurrence of magnetospheric substorms, which in turn lead to
increased particle precipitation at lower latitudes. Furthermore,
the expansion of the auroral oval during substorm events facilitates
extension of auroral emissions into mid-latitudes. The observed
correlation between the K-index and auroral occurrence rates
provides additional support for this interpretation.

(3) Diffuse Aurora Origin: The occurrence of diffuse auroras,
potentially arising from magnetospheric electrons being pitch-
angle scattered by whistler mode chorus waves, aligns with the
presence of these magnetospheric activities, peaking around 09
UT (~00 MLT) and continuing thereafter.

(4) Arc and Discrete Aurora Observation: The predominance of
arc and discrete auroras during active geomagnetic storm periods
(e.g., 04—-06 UT, ~21-23 MLT) is consistent with the enhanced
particle precipitation associated with substorms. During
substorms, the magnetotail reconnection process accelerates
electrons, which then precipitate along magnetic field lines,
producing bright, discrete auroral arcs. The observed temporal
and spatial distribution of these auroras aligns with the expected
behavior of substorm-related particle precipitation.

(5) Temporal Variation: A lower occurrence rate of auroras is
noted during the early and late parts of the observational day.

These conclusions provide valuable insights into the spatial and
temporal variations of auroral events and their correlations with
geomagnetic and solar wind variations.
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